Multi-criteria decision making techniques have become increasingly widespread in strategic environmental decision making. In Australia these techniques are used to integrate both conservation and development aspects of natural resource use. MCDM can also evaluate the effects of uncertainties at each stage of the decision making process and examine the sensitivity of results to the inputs. 
Introduction
In the 1960s, the first Multi Criteria Decision Making (MCDM) techniques emerged in the economic and finance sectors to alleviate difficulties in consistently handling large amounts of complex information during decision-making processes by reducing uncertainty in the integration of complex information (Steuer et al., 1996; Hajkowicz et al., 2000b; Triantaphyllou, 2000; Zopounidis and Doumpos, 2002; Figueira et al., 2005; Dodgson et al., 2009; Koksalan et al., 2011) . All MCDM techniques involve a multi-stage or multi-part process of defining objectives, choosing the criteria to measure the objectives, specifying alternatives, assigning weights to the criteria, applying the appropriate mathematical algorithm for ranking alternatives, and choosing the best alternative (Herath and Prato, 2006; Ananda and Herath, 2009; Mosadeghi et al., 2009) . A summary of the MCDM framework is outlined in figure 1. Strategic environmental planning and management decisions usually relate to the allocation of natural resources to a range of uses that are frequently subject to a multitude of objectives and disparate views among stakeholders (RAC,1992; Hajkowicz et al., 2000b; Ananda and Herath, 2003; Kiker et al., 2005; Hajkowics 2008; Bryan et al., 2009 ).
This complexity triggered considerable interest in applying various promising MCDM techniques to these problems (e.g. Ananda and Herath, 2003; Qureshi and Harrison, 2003; Sheppard and Meitner; Herath and Prato, 2006; Zardari and Cordery, 2007; Hajkowics 2008; Higgins et al., 2008; Lai et al., 2008; Ananda and Herath, 2009; Chen et al., 2009 ). However, all decision making approaches involving natural systems face a number of uncertainties ranging from ambiguity in defining problems and goals to uncertainty in data and models (Refsgaard et al., 2007) . The widely recognised importance of uncertainty in environmental decision-making prompted the development of a generic definition from a number of perspectives. Figure 1 . The overall process of multi-criteria decision making models. Walker et al. (2003: p8) and Warmink et al. (2010 , considered uncertainty as 'any departure from the unachievable ideal of complete determinism'. Other work regarded uncertainty as 'the degree of confidence a person has about the specific outcome of an event or action' (Klauer and Brown, 2004; Refsgaard et al., 2007) . Prima facie, these definitions focus on uncertainty as a result of the imperfect knowledge of decision makers about the natural system itself (epistemic uncertainty), which may be reduced by empirical efforts Refsgaard et al., 2007) . Natural environments, human behavior and social dynamics remain subject to stochastic uncertainty inherent in these systems, which cannot be eliminated (Chang et al. 1993; Oreskes et al., 1994; Harremoës and Madsen, 1999; Walker et al., 2003; Refsgaard et al., 2007; Warmink et al., 2010) .
During the past 10 years, the problem of uncertainties in strategic environmental decision-making has been addressed in two principally different ways. On one side, considerable resources have been allocated towards improving the accuracy of physical models that are capable of simulating and projecting hydrological, atmospheric and ecological processes (e.g. Webster, et al.,2003; Refsgaard et al., 2007; Teegavarapu, 2010) and consequently reducing model-inherent uncertainty ( Refsgaard et al., 2007) . In tandem, MCDM applications continued to expand and refine their multidisciplinary approach, which now includes more sophisticated techniques allowing sensitivity and uncertainty analyses to improve knowledge integration across environmental, physical and social sciences (Hyde et al., 2005; Herath and Prato, 2006; Bryan and Crossman, 2008; Lai et al., 2008; Hajkowicz, 2009 ).
The growing diversity of MCDM techniques has prompted a number of reviews in recent years, which have highlighted the strengths and weaknesses of these techniques in solving environmental decision making problems (Hajkowicz et al. 2000a; Lahdelma et al. 2000; Schmoldet and Peterson, 2000; Schmoldet et al. 2001; Kiker et al. 2005; Herath and Prato, 2006; Mendoza and Martins, 2006; Ananda and Herath, 2009; Steele et al. 2009 ).
Although MCDM was developed as a technique to address uncertainty at different stages of decision making, its increasing sophistication in integrating and evaluating stakeholders' views, opinions and concerns has raised some concerns about its transparency to the end user (Ananda and Herath, 2003; Hajkowicz, 2006; Hajkowicz and Collins, 2007) .
Consequently non-experts, i.e. some decision-makers and stakeholders, might consider some of the sophisticated MCDM techniques as an answer-producing 'black box' (Hajkowicz and Higgins, 2008; Lai et al., 2008) . In other words, the mathematical sophistication of some of the MCDM techniques to reduce potential uncertainties needs to be used carefully and weighted against any adverse clouding of transparency. On the other hand, it is important to understand that like all other environmental decision making techniques, uncertainties can manifest themselves in MCDM analyses. By providing procedures to evaluate the effects of uncertainties at each stage of the analysis, however, MCDM techniques can identify uncertainties associated with decision makers' preferences and knowledge as well as uncertainties in using different techniques. Although, there have been many empirical studies of the application of MCDM in environmental decision making, studies on how uncertainty analysis in MCDM can deal with potential uncertainties at each stage of this decision making procedure are rare. This paper analyses MCDM to explore its capacity for addressing uncertainties likely to affect the final outcomes of strategic environmental decision making processes. The analysis is divided into three sections. The first section reviews the potential uncertainties considered relevant to environmental decision making including the location, level and nature of uncertainty. The second section highlights the different types of uncertainties that have been of concern when applying MCDM techniques to resolve environmental issues. This also includes an examination of the effect of uncertainty on spatial patterns and the need to address this issue when making a final decision or ranking the most appropriate options strategic environmental decisions, funded and sponsored by Australia government agencies over the last 10 years to determine how different dimensions of uncertainty were addressed.
The paper finishes with a discussion of the increasing application of MCDM and uncertainty analyses in environmental decisions and identifies gaps in current knowledge.
Future research directions and ways to improve the application of MCDM in the field of environmental management are also included.
Uncertainty in environmental decision making
All environmental planning and management decisions are subject to a number of uncertainties ranging from complexities of natural systems, variable degrees of unpredictable randomness, frequent lack of sufficient data, and at times, the politicised and therefore variable interpretation of information (Refsgaard et al., 2007; Ascough et al., 2008; Zhang and Achari, 2010) . The majority of these decisions tend to affect a wide range of stakeholders who often have disparate views about the relevance and weights of decision criteria (Ascough et al., 2008; Zhang and Achari, 2010) . This raises the need for explicit and systematic consideration of all potential uncertainties to develop an effective solution supported by the majority of stakeholders. Accordingly, the following sections commence with a review of all uncertainty terminology and typology considered relevant in the context of environmental decision-making. This is then expanded by an analysis of the capabilities of MCDM techniques in addressing different dimensions of uncertainty and concludes by discussing spatial uncertainty as a new dimension in uncertainty analyses.
Understanding uncertainty
The aim of understanding and characterising uncertainty is to inform the decision makers about the likelihood of a different option being selected as a result of that uncertainty (Dorini Funtowicz and Ravetz, 1990; Morgan and Henrion, 1990; Norton et al., 2006; Refsgaard et al., 2007; Ascough et al., 2008; Warmink et al., 2010; and Zhang and Achari, 2010) . Nevertheless, some converging views have emerged that warrant further consideration before analysing uncertainty.
The most commonly used typology and terminology distinguishes three dimensions of uncertainty Refsgaard et al., 2007; Warmink et al., 2010) :
(1) the location of uncertainty -where the uncertainty manifests itself within the model structure;
(2) the level of uncertainty -where the uncertainty manifests itself along the spectrum between deterministic knowledge and total ignorance; (3) the nature of uncertainty -whether the uncertainty is due to the imperfection of our knowledge or is due to the inherent variability of the phenomena being described.
The same three reviews continue to identify four main locations of uncertainty:
Context uncertainty -includes uncertainty about the external economic, environmental, political, social, and technological situation that forms the context for the problem being examined Refsgaard et al., 2007; Warmink et al., 2010) . Considering this uncertainty can help to avoid problems arising from incorrect problem framing (Dunn, 2001 );
Model structure uncertainty -arises from a lack of sufficient understanding of the system (past, present, or future) that is the subject of the policy analysis, including the behaviour of the system and the interrelationships amongst its elements; Model technical uncertainty -is the uncertainty generated by software, errors in algorithms or hardware errors ; and Input uncertainty -is related to data that describe the reference system, i.e. land use maps, data on infrastructure and climate data and the external driving forces that influence the system and its performance.
The same authors proceed further by distinguishing between the various levels of uncertainty as statistical, scenario, qualitative and recognized uncertainties. According to Refsgaard et al. (2007) , statistical uncertainty is uncertainty which can be expressed as probabilities or alternative numerical variables. This is addressed in most traditional model uncertainty or risk assessments (Refsgaard et al., 2007; Warmink et al., 2010) . Scenario uncertainty implies that there is a range of possible outcomes, but the mechanisms do not define the probability of any particular outcome. Qualitative uncertainty addresses the uncertainty that cannot be expressed in terms of nominally measurable values. In the case of recognized ignorance, uncertainty exists about the relations and mechanisms being studied, and it is therefore not possible to outline different possibilities or to give any qualification of the value of the uncertainty (Warmink et al., 2010) .
The third dimension of the concept of uncertainty is known as the nature of uncertainty. Here, Walker et al. (2003) and Refsgaard et al. (2007) be some uncertainty related to the chaotic nature of natural phenomena, such as global climate changes (Refsgaard et al., 2007) . These many dimensions of uncertainty informed work by Van der Sluijs et al. (2004) who proposed a catalogue of nine tools (e.g. sensitivity analysis, error propagation equations, Monte Carlo analysis, expert elicitation, etc.) for assessing and communicating uncertainty in environmental decision-making processes. This catalogue was linked to a 'Detailed Guidance' document that specified several points of consideration for decision makers who wish to elicit the relevant uncertainties in their decision process. Ultimately, the whole work was aimed at leading stakeholders to a better understanding about uncertainties, rather than devising particular solutions to address their impacts. Refsgaard et al. (2007) further expanded on this work by reviewing a range of additional tools for uncertainty assessment, including inter alia , a data uncertainty engine, inverse modeling (parameter estimation), and uncertainty matrix. Both studies offer well-structured tables which align each assessment methodology with a particular source and type of uncertainty. Neither 'system', however, addresses the uncertainties associated with a particular approach employed to assist decision makers in identifying a solution.
The potential uncertainties in environmental decisions emphasize the need for appropriate decision-making methods to be able to address and analyze the effect of these uncertainties in the process of the making decisions for natural systems. This issue has not always received adequate attention, which may be a consequence of many experts relying primarily on the approaches with which they are most familiar and comfortable, or on methods known for their potential to generate satisfactory results under diverse conditions (Ozernoy, 1992; Poh, 1998; Sen and Yang, 1998; Li, 2007) . Consequently, the next section examines the ability of MCDM techniques to address and analyze uncertainty throughout the environmental decision-making procedure. Within the framework of MCDM, work on uncertainty concentrated on two main types, which, prima facie, were defined independently from the above-mentioned dimensions of uncertainty (Hyde et al., 2005; Zhang and Achari, 2010; Dorini et al. 2011; 
2011):
 Uncertainty in decision makers (DM) preferences and knowledge -which affects method selection, identification of evaluation criteria, and weights that DMs assign to each criterion based on their expertise.
 Model uncertainty-rises from the potential ambiguities in selected mathematical algorithms and the process of criteria estimation.
Within this framework, most of the current works have focused on addressing uncertainty in criteria weights estimation (e.g. Hyde et al., 2005; Zhang and Achari, 2010; Dorini et al., 2011; Madani and Lund 2011) . The resulting methodological approaches can be subdivided into two main groups. The first concentrates on developing more sophisticated MCDM techniques, which can process uncertain or inaccurate criteria information (Lahdelma et al., 2006) . Such advanced MCDM methods include ELECTRE, PROMETHEE, MAUT, Fuzzy set theory, and Random set theory (Lahdelma et al., 2006; Zhang and Achari, 2010) .
The Fuzzy set theory techniques are the most common techniques for dealing with imprecise and uncertain problems (Chen, 2005; Janssen et al., 2010; Zhang and Achari, 2010; Chen et al., 2011) .
The second group of methodologies addressing uncertainty in criteria weightings consists of uncertainty analysis techniques, mostly sensitivity analysis tools. Sensitivity analyses can be performed for both stakeholder weights and attribute weights and provide DMs with an understanding of the systems behaviour under the varying nature of the preference parameters.
Generally, there are two subgroups of sensitivity analysis methods: probabilistic methods and indicator-based methods. As Chen et al. (2011) describe, probabilistic methods compute a distribution of overall scores for each alternative. The preferred alternative is then identified by comparing these score distributions, rather than the actual mean or median score. Typical analytical methods in this subgroup include Stochastic Multi-criteria Acceptability (Lahdelma and Salminen, 2001 ) and the commercial software Criterium Decision Plus (Murphy et al., 2001) . Statistical methods such as Monte Carlo simulations and Bayesian networks are two other examples of this type of uncertainty analysis which can be undertaken in environmental MCDM applications. Monte Carlo simulation allows exploration of the full range of variation in the input factors and does not require assumption about the model structure (Madani and Lund, 2011) . While in the Bayesian network three are nodes representing alternatives, attributes and external factors leading to the uncertainty of the data (Chen et al., 2011) .
In addition to probabilistic methods, indicator-based sensitivity analyses methods have recently been introduced to address uncertainty. These methods use a specific indicator to describe how close the second highest scored choice is to the highest scored one (Chen et al., 2011) . These more narrowly focused interests in solving uncertainty-related issues for MCDM applications can be attributed to the fact that most of the development of MCDM techniques still occurs outside environmental decision making processes. The result of these different approaches in analyzing the effects of uncertainty on environmental decisionmaking in general and MCDM-assisted decision-making presents itself with only very few instantaneously recognizable overlaps or linkages (e.g. linkage between stochastic uncertainty and uncertainty in decision maker's preferences. see figure 2 ). These differences in the approaches to catalogue uncertainties have contributed to some misunderstanding about which uncertainties can be resolved by MCDM and which cannot.
Increasingly, strategic environmental decisions have to be made not only about the preferred approach, but also where exactly this should be applied. This concern about the spatial extent of decisions warrants further consideration of uncertainties frequently associated with spatial information. 
Spatial uncertainties
In contrast to the economic and finance sectors, the birthplace of MCDM techniques, decisions about environmental planning and management issues are indeed as much about the 'What' as about the 'Where'. In other terms: the extent of the location(s) where the highest ranking solution should be applied is often not readily defined, which adds another 'layer' of uncertainty compared to economic or financial decisions where particular points in the supply chain or existing business locations can be located without difficulty. The term 'layer'
indicates that although spatial uncertainties should not be considered as a new dimension, they nevertheless appear at almost all levels so far identified in the literature (section 2.1).
Spatial uncertainty can, for example, manifest itself as input uncertainty driven by inaccurate (epistemic uncertainty) or fuzzy (unexplainable randomness -stochastic uncertainty) boundaries, point locations or extent of spatial features. Other elements include context uncertainty, i.e. the way that spatial elements influence or interact with each other; or DMs preference and knowledge uncertainty, i.e. by relying on familiar and readily available spatial information rather than considering new spatial data more suitable to addressing the problem in question.
Several analysts have already attempted to address this issue by developing MCDMmodels that tie uncertainty analyses into the visualisation capability of GIS (see Schluter and Ruger, 2007; Chen et al., 2011) . These methods graphically display the output uncertainty based on the input uncertainty thereby presenting the spatial dimensions of uncertainties (Chen, et al., 2011) .
Environmental MCDM case studies in Australia
In Australia, early work by the Resource Assessment Commission (RAC 1992) recognised MCDM as an approach to integrate both conservation and development aspects of alternative pursue the use of these techniques. For the purpose of this paper, application of MCDM techniques in strategic environmental decision making in Australia were examined and most recent case studies (over the past ten years) were selected for more detailed analysis. These 16 cases were selected because (i) they were funded or supported by government agencies (e.g. CSIRO), (ii) their results were publically available, and (iii) all involved concerns about uncertainty. The majority of these applications (see Table 1 ) related to natural resource management decisions, i.e. setting regional funding priorities (cases 1, 2, 3), identifying geographic priorities (case 8), and quantifying strategic management priorities (case 9). The remaining studies were broadly concerned about general spatial planning, forest management and water resource allocations. Each study was examined for its spatial extent; number of stakeholders or DMs; MCDM method adopted; problems confronted; types of uncertainties encountered and solutions suggested to overcome the uncertainties. Based on the nature of the given environmental decision-making problems, the 16 case studies were classified in three categories as follows.
Natural resource management (NRM) -general aspects
Integrated natural resource management (NRM) has been instigated in Australia through a major, national funding initiative under the National Heritage Trust (NHT) and its successive programs. Its implementation required formulation of long-term strategic decisions to identify the most effective projects based on numerous environmental, socio-cultural, and economic factors (cases 1 and 2) and also to set regional funding priorities (cases 3 and 4) and. The obvious potential for MCDM applications in NRM was first recognised in 2000 with a systematic analysis published by the CSIRO (Hajkowicz et al., 2000a) . The report emphasised MCDM strengths as providing NRM decision-makers with a logical structure in which to solve complex problems. Major weaknesses were identified as a lack of rigour and a lack of firm foundation in economic theory (Hajkowicz et al., 2000a ).
In practice and over time, the spatial scope of these MCDM applications decreased from state-wide rankings to prioritising local environmental issues. Simultaneously, their lateral scope narrowed from identifying priorities for funding any type of NHT project to focusing primarily on environmental problems as part of a regional NRM plan (Table 1) .
Much of this work was conducted by one author whose primary interest was to ascertain which criteria to include and to then determine which weighting methods were most amenable to stakeholders and DMs. Earlier research (Hajkowicz et al., 2000b ) explored the stakeholders' perceptions of weighting methods, including fixed-point scoring; rating; ordinal ranking; a graphical method and paired comparisons. The outcomes revealed that the DMs involved in this study were more comfortable with ordinal ranking than the fixed point ranking method (case 1).
Similarly, Hajkowicz and McDonald (2006) 
Catchment management -spatial analysis and MCDM
Unlike natural resources managers, catchment managers typically focus on smaller areas or a selected set of areas when planning and making decisions. Apart from financial planning for water service infrastructure, many issues in catchment management relate to land use intentions and restrictions. Planning documents and reference maps are commonly used to identify relevant areas. Accordingly, catchment managers have an interest in developing software applications that combine MCDM and geographic information systems (GIS).
Examples from Australia include the 'Catchment Decision Assistant' (CDA) (Itami et al. 1999 ), Multi-Criteria Analysis Shell for Spatial Decision Support (MCAS-S) (Hill et al., 2005) and ASSESS (A System for Selecting Suitable Sites) (Bowyer and Veitch 1994) . inherently static GIS layers has precluded most investigators from incorporating explicit uncertainties. Despite this predicament, catchment management issues seem to have a greater general concern for criteria estimation uncertainties that has initiated the use of simple uncertainty analysis (e.g. sensitivity analysis) in this field.
Water resource (allocation) management -large-scale decisions
Australia, as the driest inhabited continent in the world, is faced with the challenge of finding long-term, sustainable mechanisms for water resource allocation. These should accommodate the effects of climate change and on-going development. National water reform strategies The PROMTHEE/GAIA method was applied in combination with a water supply simulation model to rank and test 16 pre-selected operating rules for Melbourne's water supply system (Kodikara, 2008) . The study used eight performance measures (PMs) under four main objectives to evaluate the system's performance in combining the interests of three key stakeholder groups (resource managers, water users and environmental interest groups).
The author concluded that making these decisions 'could also have a third dimension if it involves multiple DMs and/or uncertainties in the evaluations' (Kodikara, 2008: p5 Based on these outcomes, the authors stressed again that DMs can be confused by more sophisticated and complicated techniques. On the other hand, they mention more attention should be placed on DM preference uncertainties such as problem structuring.
Model uncertainties affecting water resource allocations due to climate variability were acknowledged in most studies (cases 13 and 16). However, similar attention should be paid to DMs preference uncertainties during method selection and elicitation of criteria weights. The most critical shortcoming of SA is the lack of insight they provide into the spatial aspects of weight sensitivity
Uncertainty in criteria weights
Developing a spatial, GIS-based AHP sensitivity analysis tool 10) Ananda and Herath, 2003 The Northeast Victoria 23,000 km The proposed uncertainty analysis method presented in this paper, can be extended to incorporate the uncertainty in the determination of the performance values of the criteria and therefore the robustness of the ranking can be ascertained based upon the simultaneous variation of all of the input parameters within their feasible or expected ranges.
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Discussion
The ENV-MCDM applications reviewed in this study demonstrate a growing interest within Australian government agencies to apply these techniques for different stages of strategic environmental decision processes and more narrow spatial scenarios. Considerations of uncertainties and how they could affect method selection or the decision itself have not been detailed or systematic, certainly not from the broader scope of the dimensions identified in section 2.1 of this paper. This is partially based on the simple fact that most of the detailed considerations of uncertainty in environmental decision-making
were not available at the time that these studies were carried out. This review points to a second obstacle,
i.e. the apparent lack of congruence in the terminology of uncertainties of concern for MCDM analysts and environmental DMs. To overcome this gap, the linkage between uncertainty terminology used in MCDM and environmental science are highlighted in figure 2.
Examining the Australian case studies shows for broad scale and complex problems like National
Resource Management (NRM) plans and the corresponding funding allocations, MCDM processes were mostly employed to develop a structure to achieve consensus amongst stakeholders. At this early stage, uncertainty was not considered as an important issue and the priority was to apply simple methods to help the end users understand the many facets of the decision making process. In light of the deliberations detailed in section 2.1, this type of uncertainty was largely epistemic with very little knowledge at the level of input, context and to some extent model structure uncertainties.
Decisions by catchment managers often have a narrower focus, spatially as well as objectively.
Their decisions are underpinned by factual knowledge and detailed, spatially referenced data. Much of this data can be stored in GIS and used to derive performance measures. Relevant MCDM applications in this paper (case 6, 7a, 7b and, 8) showed a growing trend in integrating advanced MCDM techniques with GIS by various research groups. This integration allows:
 GIS capabilities to be used more effectively by experts within a decision-making body;
To  greater transparency in the outputs of the MCDM approaches; and  spatial uncertainties to be highlighted and/or incorporated via GIS input data.
In this case, the integration of GIS and MCDM provide opportunities for visually communicating differences in the spatial pattern of outputs by using iterations and different criteria weightings. In other words, the underlying GIS information was considered reliable at the geographical scales relevant for catchment management, which would have eliminated much of the concern about epistemic input uncertainty. The remaining concerns about uncertainties focused largely on contextual issues at both epistemic and stochastic dimensions, i.e. how decisions would be affected by unpredictable physical changes as well as interactions between decision criteria and their weights. In this category, concerns for the latter were mostly remediated by performing basic uncertainty analysis (e.g. sensitivity analysis) for most of the case studies.
Decisions about water resource management, including water allocations, are often made at a sub-catchment level. For these scenarios, epistemic uncertainties and particularly model uncertainties (views on the importance of different 'services' requiring water allocations) are closely entwined with stochastic uncertainties (largely related to randomness in rainfall and flows). The most noteworthy work in this context was Hyde et al. (2005) who went beyond readily available sensitivity analyses to develop a new distanced-based uncertainty analysis approach to address issues with criteria weights estimation for situations with ambiguity over ascendancies in the source of uncertainty, i.e. the relevant effects of epistemic versus stochastic uncertainties. This further indicates that MCDM techniques alone will have difficulties in solving decision issues confronted with considerable stochastic uncertainties.
This review demonstrates that 50% of the 16 Australian case studies pointed out the key uncertainties with which they had to deal (cases 4, 7a, 7b, 10, 12, and 15) . Four studies suggested a practical methodology to address these uncertainties (cases 10, 12, 15, 16 Sensitivity analyses are not a common practice in the field of spatial MCDM. One of the most critical shortcomings of SA procedures is the lack of insight that they provide into the spatial aspects of weight sensitivity (case 9). To overcome this issue, Chen et al. (2010) presented a new approach for investigating the spatial dimension of multi-criteria weight sensitivity. Their approach was based on a generic SA methodology in a GIS-based AHP model to examine the sensitivity of MCDM evaluations to criteria weight changes and to subsequently visualize the spatial change dynamics (case 9). Others (Qi and Altinakar, 2011) developed GIS applications that incorporate Monte Carlo simulations to provide a decision support tool for a fairly narrowly defined problem. For future studies these approaches can be seen as an initial step towards adding a spatial dimension to the uncertainty analysis.
This case study analysis also reveals that stochastic uncertainty has not been addressed with the same rigour as epistemic uncertainty in strategic environmental decisions in Australia. This is particularly concerning when dealing with large scale problems (e.g. water resource allocation) where predicting natural and social behaviour involve higher levels of stochastic uncertainties. To address this kind of uncertainty, more attention should be directed towards visualizing the effects of uncertainty (i.e. using GIS) by using different scenarios for the future behaviour of natural, social and, economic systems.
In terms of epistemic uncertainty, this study recognized a gap relating to DMs preference uncertainties in method selection and structuring the evaluation criteria. These uncertainties are subject to the DMs knowledge of existing decision-making techniques and their understanding of the problem being structured and must be addressed in future applications of MCDM in environmental decisions.
Improving the DMs knowledge about method selection techniques, group decision-making and, appropriate aggregation methods to obtain the final criteria weights can ameliorate the above-mentioned dimensions of uncertainty (Ozernoy, 1992; Tecle and Duckstein,1992; Yoon and Hwang, 1995; Poh, 1998; Sen and Yang, 1998; and Lu et al. 1999, Chen et al., 2011) . A summary of ways to address uncertainty at each stage of the MCDM procedure is provided in Table 2 , which also suggests directions for future MCDM applications. This summary highlights some of the most recent work proposing a Monte-Carlo Game Theory (MCGT) approach for dealing with uncertainty in the performance of alternatives (Madani and Lund, 2011) . The most significant advantage of this approach is its ability to solve the problem even in the absence of cardinal information. In other words, this methodology, by using ordinal information, will make results more robust to performance uncertainties (Madani and Lund, 2011) .
The suggested methods in Table 2 emphasize the need to consider uncertainty throughout the decision-making procedure. Currently most conventional uncertainty analyses are added at the end of the decision-making to demonstrate the effects of criteria weights changes, which is only one aspect of uncertainty. Instead, uncertainty should be considered throughout the process starting from problem structuring, identification of evaluation criteria and selecting the appropriate methodology. Table 2 . Recommended methods to deal with uncertainty in future application of MCDM.
Source of uncertainty Type of uncertainty Methods to handle uncertainty

Method selection DMs Preferences
Affected by context uncertainty -Tree diagrams (MacCrimmon, 1973; Yoon and Hwang, 1995; Sen and Yang, 1998) , -Criteria approaches (Tecle and Duckstein, 1992) , -Expert/intelligent systems (Ozernoy, 1992; Poh, 1998; Lu et al., 1999) Identification of criteria DMs Preferences Affected by context uncertainty -Increase the public and policy makers' awareness in regard to environmental issues -Group decision making panels to identify the evaluation criteria (Ananda and Herath, 2003) Criteria weights DMs preferences and knowledge -Participation of multi-disciplinary experts -Group decision making to weight the criteria (Lahdelma and Salminen, 2001; Ananda and Herath, 2003; Ananda and Herath, 2008) -Select appropriate aggregation approach (Duke and Aull-Hyde, 2002; Ananda and Herath, 2008) Criteria estimation & alternative's selection Model uncertainty -Using MCDM techniques incorporated with decision theories which support handling uncertainty (i.e. ELECTRE, PROMETHEE, MAUT, Fuzzy sets theory, Random sets theory, and Game theory) (Chen, 2005; Lahdelma et al., 2006; Zhang and Achari, 2010; Janssen et al., 2010; Zhang and Achari, 2010; Chen et al., 2011) (Ananda and Herath, 2003; Hyde et al. 2005; Ananda and Herath, 2008; Kodikara 2008; Chen et al., 2011; Madani and Lund, 2011) 
Conclusion
This study confirms that MCDM techniques can assist stakeholders and decision-makers in unravelling some of the uncertainties inherent in environmental decision-making, borne out of the complexities of natural systems, a lack of sufficient data, a wide range of stakeholders and their associated objectives.
This study combines the dimensions of uncertainty considered in environmental decision making processes and MCDM techniques. The Australian case studies analysed for this paper provided further evidence that appropriate MCDM techniques can be successfully employed in situations where epistemic uncertainties have a propensity to outweigh stochastic uncertainties. Depending on the scope and stage of the decision-making process, subsequent conventional sensitivity analyses can further resolve issues surrounding epistemic uncertainties, i.e. the effects of changes in criteria weights on the final results.
The proposed typology in this paper (section 2 and Figure 2 ) however, highlights that in practice, a particular type or level of uncertainty rarely manifests itself in isolation. In the first instance, MCDM experts should consider other aspects of epistemic uncertainty to be addressed within the framework of MCDM. Examples include uncertainties in problem structuring, identification of evaluation criteria and selecting the appropriate methodology. The recommended methods suggested in Table 2 provide some further directions for future studies in this area.
Environmental decision making processes are affected to a large degree by stochastic uncertainty, notably in the contextual and data input dimensions, and consequently are difficult to address with MCDM techniques alone. This becomes more complicated where predominantly epistemic uncertainties are affected by stochastic uncertainty, e.g. stakeholders may place unwarranted importance on random impacts and unpredictability for small areas. Overall, any increases in extreme weather may still be of much lower impact than ongoing changes to land-use where much of the decision's controversy is founded on epistemic uncertainty, i.e. insufficient system knowledge about how certain changes will affect environmental and socio-economic outcomes. One possible approach to gain an understanding of the effects of some dimensions of stochastic uncertainty, e.g. data input and model uncertainties, relates to combining MCDM with other decision making tools such as GIS and simulation algorithms (e.g.
Monte Carlo Simulation). This approach presents promising ways to examine the effects of uncertainty in a spatial context, i.e. the extent of the natural features and events. These would also assist in increasing the transparency of the decision-making process, a key issue for many stakeholders.
